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Abstract. Recent digital histopathology datasets have significantly ad-
vanced the development of deep learning-based histopathology frame-
works. However, data leakage in model training can lead to artificially
high metrics that do not genuinely reflect the strength of the approach.
The LC25000 dataset, consisting of tissue image tiles extracted from
lung and colon samples, is a popular benchmark dataset. In the released
version, tissue tiles were augmented randomly and mixed. Nevertheless,
many studies report near-perfect accuracy scores, often due to data leak-
age, where augmented images of the same tissue tile are split into both
training and test sets. To improve the quality of performance reports,
we develop a semi-automatic pipeline to clean LC25000. By clustering
and separating all augmented images of the same tiles, using recently
proposed histopathology foundation models and manual correction, we
create a clean version of LC25000. We then evaluate the quality of fea-
tures extracted by these foundational models, using the clustering task
as a benchmark. Our contributions are: 1) We publicly release our semi-
automatic annotation pipeline along with the LC25000-clean dataset
to facilitate appropriate utilization of this dataset, reducing the risk of
overestimating models’ performance; 2) We profile various combinations
of feature extraction and clustering methods for identifying duplicates
of the same image generated by basic image transformations; 3) We
propose the clustering task as a minimal-setup benchmark to evaluate
the quality of tissue image features learned by histopathology founda-
tion models. Clustering labels, annotation pipeline, and evaluation code:
https://github.com/GeorgeBatch/LC25000-clean
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1 Introduction

Recent digital histopathology datasets consisting of digitized tissue specimens
have facilitated advancements in computational pathology, which is vital for
developing and validating deep learning-based frameworks such as tumour de-
tection, cancer subtyping, and therapy response prediction [22]. While these

https://github.com/GeorgeBatch/LC25000-clean
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Fig. 1. Examples of augmented images from the same origin tile with their names in the
released dataset showing on the top. The images were shuffled and indexed randomly.

datasets enable significant progress, caution is necessary to avoid common pit-
falls that may lead to data leakage and invalid model evaluation. The LC25000
dataset [2], for instance, is a widely-used benchmark source, cited over 140
times1. It comprises 25,000 tiles extracted from lung and colon histopathology
images, divided into five classes with 5,000 images per class: lung adenocarcinoma
(lung_aca), lung squamous cell carcinoma (lung_scc), normal lung (lung_n),
colon adenocarcinoma (colon_aca), and normal colon (colon_n). This dataset is
mainly used in developing tile-level classifiers for cancer tissue classification, with
various studies reporting accuracy scores of 95% and above [13,14,16,20,21,24].

However, it is crucial to be aware of issues such as type-1 data leakage, where
the augmented images of the same tissue tile are split into the training and
test set, leading to over-estimation of model performance attributing to simple
shortcuts that associate these duplicates. Similar concerns apply to datasets
like TCGA, where multiple slides from the same patient may inadvertently be
included in both training and testing sets (type-2 data leakage).

According to the original LC25000 publication [2], the authors collected 250
original images for each of the five classes mentioned above, which we will refer
to as prototypes. They expanded the dataset to 25,000 images through a series
of random image transforms, including random rotations and flips. All images
were center-cropped and resized to 768x768 pixels. Given that 5,000 images in
each class are derived from 250 prototypes, each prototype generates around
20 augmented images. We refer to augmented images of the same tissue tile (a
prototype) as semantic duplicates. Suppose these 5,000 images are randomly
split into training, validation, and test sets using an 80/20 ratio. Then there is
a ∼ 99% chance (1 − p(all 20 in test) − p(all 20 in train) = 1 − 0.220 − 0.820)
semantic duplicates of the same prototype appearing in both the training and
test sets. Consequently, we can expect type-1 data leakage to occur for almost
all prototypes when models are both trained and evaluated on LC25000.

Acknowledging the contributions and widespread use of LC25000, we aim to
enhance the quality of performance reports when researchers utilize this dataset.
Many studies report near-perfect accuracy scores (often 99.9%), primarily due to
data leakage. This has unfortunately led to an unnecessary allocation of research

1 https://www.semanticscholar.org/paper/Lung-and-Colon-Cancer-
Histopathological-Image-Borkowski-Bui/6c5a72aaa3c29d52d46ef904f15719478b6cdfc2
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resources and reviewing efforts. Therefore, we intend to support the research
community in making more accurate and reliable use of the LC25000 dataset.

Inspired by the recent success of automatic data cleaning of the Quilt-1M
histopathology dataset [1,9], we develop a semi-automatic pipeline to clean the
LC25000 dataset. In our approach, we first cluster the images into groups of
images originating from the same prototype and then perform a semi-automatic
check and correction, creating LC25000-clean dataset where all semantic dupli-
cates belonging to the same prototypes are grouped together.

Our contributions are: First, we release our semi-automatic annotation pipeline
along with LC25000-clean dataset to facilitate appropriate utilisation of the
LC25000 dataset. Second, we assess various combinations of feature extraction
and clustering methods for clustering semantic duplicates. Finally, we propose
using the clustering task as a minimal-setup benchmark to evaluate emerging
histopathology foundation models. This task can be regarded as a quality lower
bound of the tissue image features extracted by these models.

2 Methodology

We describe below our dataset cleaning pipeline, which produces LC25000-
clean, and evaluation of features extracted by recently proposed histopathology
foundation models and general image feature extractor baselines.

2.1 Semi-automatic dataset cleaning

Our first goal is to obtain a clean version of LC25000, where semantic duplicates
are grouped according to their prototype memberships.

Feature extraction. The original 768x768 image tiles are resized into 224x224,
and image features are computed using pre-trained image models, such as the
UNI [3] model. The resulting features are used for clustering to produce an initial
cleaning result. We also evaluate the effects of different image normalization
options, feature extractors, and dimensionality reduction methods.

Image Pre-processing. We explore three different image RGB normalization
options while always resizing the 768x768 images to 224x224: (1) resize-only: no
normalization applied after resizing; (2) normalizing with ImageNet constants as
suggested by the authors of UNI [3], Prov-GigaPath [23], and Phikon[5] models;
(3) normalizing using mean and standard deviation constants computed sepa-
rately for each of the 5 classes of LC25000.

Feature Extraction. We extract features with models pre-trained on natu-
ral images and histopathology-specific models. Natural-image models included
ResNet18 [7] and Truncated ResNet50 as used in the CLAM pipeline [12], as well
as the small and base versions of ViT pre-trained with DINOv2 [17]. Pathology-
specific models included ResNet18 pre-trained with SimCLR [4] on the lung
portion of TCGA [11], UNI [3], Prov-GigaPath [23], and Phikon [5].
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Fig. 2. Normal lung. Left: accepted positive pair. Right: rejected negative pair.

Dimensionality Reduction. The feature extractors described above output
feature vectors in different sizes: 512, 768, 1024, 1536. However, the information
encoded might be excessive when clustering augmented images. Hence, we test
PCA and UMAP for reducing the dimension of extracted features before running
the clustering algorithms: PCA with 0.9, 0.95, and 0.99 proportion of variance
explained and UMAP [15] with 2, 8, 32 components (other parameters are fixed).

Clustering and manual cleaning. The feature vectors corresponding to the
image tiles are fed into K-Means with 250 clusters, producing an initial clus-
tering. The manual stage contains three components: (1) manually accepting or
rejecting cluster assignments by iterating through the initial clustering result,
(2) automatic clustering of the rejected images and manually purifying rejected
clusters, and (3) manually merging pure accepted and rejected clusters.

Manual Accepting and Rejecting of Cluster Assignments. First, we compute
the centroid embedding of each cluster c and select the image closest to the
centroid as a reference Icr . Then, for each cluster c we show a pair (Icr , Icj )∀j ̸= r
and iterate over all other images Icj that have been automatically assigned to
this cluster. The annotator is asked to choose whether an image comes from the
same origin (see Figure 2). If so, image Icj is confirmed to belong to cluster c.
Otherwise, Icj is added to the pool of rejected images. After going through all 250
clusters, we end up with accepted and rejected sets. The accepted set contains
250 pure clusters. The rejected set contains the images incorrectly assigned by
the clustering algorithm (2% of image tiles for lung tissue, 3% for colon tissue).

Clustering Rejected Images and Purifying Rejected Clusters. We run the clus-
tering algorithm on the rejected images. Then, an annotator looks through and
manually splits impure clusters into pure clusters until only pure clusters remain.

Merging Pure Accepted and Pure Rejected Clusters. Given that the clusters
in the accepted and rejected pools are pure, the next step is to merge over-
grained clusters (examples of clusters to be merged are shown in Figure 3). We
compute pairwise distances between the clusters via single linkage, i.e., assigning
the distance between clusters A and B with the smallest distance between any
two pairs of feature vectors ai ∈ A and bj ∈ B, and check the closest pairs of
clusters to decide if a paired clusters should merge.

To achieve the least manual effort, our final pipeline consists of feeding resized
images directly into the UNI feature extractor, reducing the output features using
UMAP with 8 components, and running K-Means on the reduced features.
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Fig. 3. Two pure normal lung tissue clusters that needed merging.

2.2 Evaluating features extracted by different foundation models

Clustering semantic duplicates according to prototypes. We profile the qual-
ity of image features learned by recent histopathology foundation models clus-
tering LC25000 and testing the clustering results against LC25000-clean. We
also test the effects of different image normalization methods. In a perfect sce-
nario, LC25000 can be automatically (without manual correction) clustered into
LC25000-clean, where each cluster contains all semantic duplicates generated by
random image transformation from the same prototype.

For the clustering assignment Ap, we compute a connectivity matrix be-
tween all pairs of images where any two images belonging to the same cluster
are connected. We then evaluate this assignment against the ground truth as-
signment Am. Binary connectivity (Accuracy, Precision, Recall, F1-score, Speci-
ficity, Balanced Accuracy) and clustering (Fowlkes–Mallows index [6], Adjusted
Rand Index [8,18], Normalized Mutual Information score, Homogeneity, Com-
pleteness, V-Measure [19]) are used to evaluate the clustering performance. We
further incorporate precision@1 and precision@5 for evaluation, as they are ag-
nostic to the clustering algorithm (e.g., precision@1 only checks the fraction
of samples whose nearest neighbour’s label is the same as the sample itself).
Fowlkes–Mallows Index (FMI) is used as the main metric for assessing clus-
tering performance, as it is a balanced metric and reflects the global clustering
quality. To compute FMI, the best alignment of the two clustering assignments
is found using the Hungarian Algorithm [10]. Then, the numbers of true pos-
itives (pairs of points that are in the same cluster in both Am and Ap), false
positives (pairs of points that are in the same cluster in Ap, but in different
clusters in Am), and false negatives (pairs of points that are in different clusters
in Ap, but in the same cluster in Am) are calculated. Finally, FMI is calculated
as FMI =

√
(TP/(TP + FP ))× (TP/(TP + FN)) =

√
Precision×Recall.

Tumor classification on the LC25000-clean dataset. LC25000 was originally pro-
posed for two classification tasks: three-class lung tissue classification (adenocar-
cinoma, squamous cell carcinoma, normal lung tissue) and binary colon tissue
classification (adenocarcinoma vs normal colon tissue). To evaluate the effect of
type-1 data leakage on the reporting performance of the classification model on
the original LC25000 dataset, we train classifiers using KNN and Linear probing
based on raw image features extracted by the foundation models.

Randomly splitting the original LC25000 dataset images into train and test
sets results in both sets containing semantic duplicates from the same prototypes.
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In this circumstance, KNN with 1 nearest neighbour can achieve an almost
perfect accuracy score, because, for each image, the nearest neighbour is always
one of its semantic duplicates (thus, having the same class label). For linear
probing, we train a single linear layer with softmax activation for the multi-
class lung tissue classification and sigmoid activation for the binary colon tissue
classification. Similar to the case of KNN, the linear layer should be able to overfit
the training data, thereby overfitting the test data provided that most samples
in the test set will have semantic duplicates in the training set. Therefore, we
overfit by training the model until the training loss converges (no validation).

In contrast, on the clean dataset, it will be harder for the KNN classifier with
1 nearest neighbour to achieve perfect accuracy because no image in the test set
will be a semantic duplicate of any images in the training set. For the linear
classifier, overfitting the training set is expected to result in a performance drop.

To clearly delineate how much of the previously performance reported perfor-
mance is attributed to the data leakage, we add further stress tests by decreasing
the ratio of training samples, starting with a popular 80/20 train/test split and
decreasing the ratio to 5/95, where only 5% of samples are used for training.

Fig. 4. Precision@5. Outputs from feature extractors are ranked by how close they
are in Euclidean distance. Fawlkes-Mallows Index. Raw outputs from feature extrac-
tors are passed into K-Means clustering (Euclidean distance). Image Normalization
methods. resize_only : using raw RGB values (0 to 1). lung_aca: using the statistics
computed from the LC25000 dataset (mean and variance) to center the inputs and
make a unit variance. imagenet : using the statistics of the ImageNet dataset.
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3 Results and Discussions

3.1 Clustering semantic duplicates into prototypes.

After obtaining LC25000-clean where all images are grouped and assigned pro-
totype labels, we evaluate the quality of features extracted using different foun-
dation models by clustering the original LC25000 dataset and compare the clus-
tering results against LC25000-clean.

The raw features extracted by each model are clustered using K-Means algo-
rithm. We noticed that the results vary for the same feature extractor depending
on the image normalization method, with FM-index reported in Figure 4. Fig-
ure 5 shows the clustering performance under different metrics, with each feature
extractor’s best-performing image normalization technique (by FM-index).

UNI and Prov-GigaPath outperform other models by large margins. Interest-
ingly, the best image normalization method for UNI is no RGB normalization,
whereas for Prov-GigaPath it is to normalize the input using the corresponding
dataset’s statistics such that the dataset is centered and has a unit variance (i.e.,
the mean and variance of the LC25000 lung dataset). Note that both models were
trained with inputs normalized using ImageNet statistics [3,23].

Fig. 5. Clustering performance: all metrics. Outputs from feature extractors are passed
directly into K-Means clustering. For each feature extractor, the results correspond to
using the best normalization-extractor combination (by FM-index - see Figure 4).

3.2 KNN-1 and Linear Probing

Compared to ResNet18, the lung tissue classes are much better separated in fea-
ture space by Phikon and UNI, showing better feature qualities from pathology-
specific feature extractors as shown in Figure 6.
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Fig. 6. First 2 PCA projections of the raw feature outputs of ResNet18, Phikon, and
UNI feature extractors (images were normalized using ImageNet constants).

Table 1 shows the classification accuracy achieved by KNN (1 nearest neigh-
bour) and linear classifiers on the features computed from ImageNet pre-trained
ResNet18, Phikon, and UNI feature extractors on original and cleaned versions of
the LC25000 dataset (images were normalized using ImageNet constants, same
for all models to facilitate the comparison). These 3 models are chosen based on
the clustering performance of the lung adenocarcinoma class, and on that, they
have different representation strengths: ResNet18 (weak), Phikon (medium), and
UNI (strong), as indicated in Figure 4. We vary the train/test split proportions
to show how easy/difficult it is to achieve near-perfect prediction accuracy on the
original and cleaned versions of the dataset. The reported values are computed
from 10 random draws for each split proportion, with the mean and standard
deviation of the accuracy values.

Lung Colon
Split Features CLS Original Clean Original Clean

80%
-

20%

ResNet18 KNN 0.998 ± 0.001 0.917 ± 0.007 0.999 ± 0.000 0.962 ± 0.007
Linear 0.970 ± 0.003 0.943 ± 0.007 0.998 ± 0.001 0.993 ± 0.003

Phikon KNN 1.0 ± 0.0 0.993 ± 0.003 1.0 ± 0.0 1.0 ± 0.0
Linear 1.0 ± 0.0 0.987 ± 0.009 1.0 ± 0.0 1.0 ± 0.0

UNI KNN 1.0 ± 0.0 0.994 ± 0.005 1.0 ± 0.0 1.0 ± 0.0
Linear 1.0 ± 0.0 0.989 ± 0.01 1.0 ± 0.0 1.0 ± 0.0

20%
-

80%

ResNet18 KNN 0.981 ± 0.002 0.892 ± 0.009 0.992 ± 0.001 0.935 ± 0.013
Linear 0.961 ± 0.002 0.923 ± 0.007 0.995 ± 0.001 0.981 ± 0.002

Phikon KNN 1.0 ± 0.0 0.972 ± 0.006 1.0 ± 0.0 0.999 ± 0.001
Linear 0.998 ± 0.000 0.977 ± 0.004 1.0 ± 0.0 0.999 ± 0.001

UNI KNN 1.0 ± 0.0 0.978 ± 0.005 1.0 ± 0.0 1.0 ± 0.0
Linear 0.999 ± 0.000 0.979 ± 0.003 1.0 ± 0.0 0.999 ± 0.001

5%
-

95%

ResNet18 KNN 0.940 ± 0.005 0.862 ± 0.020 0.970 ± 0.002 0.872 ± 0.038
Linear 0.945 ± 0.002 0.894 ± 0.019 0.984 ± 0.002 0.942 ± 0.020

Phikon KNN 0.994 ± 0.001 0.948 ± 0.013 1.0 ± 0.0 0.994 ± 0.004
Linear 0.993 ± 0.002 0.960 ± 0.005 1.0 ± 0.0 0.992 ± 0.005

UNI KNN 0.996 ± 0.001 0.962 ± 0.008 1.0 ± 0.0 0.997 ± 0.002
Linear 0.994 ± 0.002 0.960 ± 0.014 1.0 ± 0.0 0.990 ± 0.008

Table 1. Classification accuracy (mean ± st.d.) computed on 10 random splits of
ResNet18, Phikon, and UNI extractors with ImageNet image normalization.
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We observe that the classification accuracy ordering of the feature extractors
is consistent with the clustering performance: UNI performs best, Phikon follows,
while ResNet18 pre-trained on ImageNet shows the worst results. For the original
dataset, the models all can achieve very high accuracy; even with only 5% of
the images for training, a simple KNN classifier can still achieve a near-perfect
performance (>99.5% accuracy), simply due to overfitting and data leakage. As
expected, the classification accuracy drops significantly on the cleaned dataset
compared to the original dataset which is subjected to type-1 data leakage,
highlighting the importance of appropriate treatment of the dataset for a robust
training/validation split that reflects the true power and generalizability of the
evaluated models.
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